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es.2012.1Abstract Recently, many realistic spatially and temporally clustered channel models were devel-
oped to be applied in the simulations of multiple input multiple output (MIMO) systems. IEEE
802.11n standard channel model includes spatio-temporal fading correlation effects and accounts
for six various real propagation proﬁles. These proﬁles represent variety of propagation scenarios
for indoor environments. This paper presents the impact of applying various channel model
conditions on the link performance of Vertical Bell Laboratories Space-Time detection
(VBLAST-MIMO) systems that employ Uniform Circular array (UCA). Also, capacity and chan-
nel estimation accuracy for this system are investigated under different channel conditions. The
effect of varying the SNR on the Channel State Information (CSI) error and capacity for UCA-
MIMO systems are included. Training based techniques such as Least Square (LS), scaled least
square (SLS) and minimum mean square error (MMSE) methods and relaxed MMSE (RMMSE)
are considered for estimating channel properties. It is found that the presence of spatial correlation
can help to improve the Channel estimation accuracy at low SNR for UCA-VBLAST-MIMO sys-
tem under different spatial correlation conditions.
ª 2012 Production and hosting by Elsevier B.V. on behalf of King Saud University.1. Introduction
The increasing growth of multiple-input multiple-output
(MIMO) communication technology has led to the develop-
ment of a number of channel models to characterize the wire-Saud University.
g by Elsevier
ng by Elsevier B.V. on behalf of K
2.001less propagation environment for multiple antenna systems
(Almers et al., 2007). The most commonly used MIMO model
was a spatially iid. ﬂat-fading channel which is a rich scattering
narrowband scenario. Several MIMO techniques still have not
been sufﬁciently tested under realistic propagation conditions
and hence their integration into real applications can still be
under consideration. Most of the existing MIMO systems em-
ploy uniform liner arrays (ULA) however uniform circular ar-
ray (UCA) perhaps will be a preferable selection for future
generation WLANs due to their enhanced azimuth coverage.
Channel models including the spatial correlation and the
incorporate frequency selectivity were developed to consider
UCA (Tsai et al., 2002; Xin and Nie, 2004; Dantona et al.,ing Saud University.
84 M.A. Mangoud2010; Suzuki et al., 2010; Wang and Hui, 2011) which are dif-
ferent from that for traditional ULAs (Schumacher et al.,
2002; Kermoal et al., 2000). Recently, more realistic channel
realizations for MIMO systems employing UCA at either the
transmitter or the receiver were developed and studied before
in papers (Mangoud, 2010; Mangoud and Mahdi, 2011). In
(Schumacher et al., 2002) a general analysis of Rician fading
correlation as a function of antenna spacing and angle of arri-
val distribution was carried out for the UCA. While in Man-
goud and Mahdi (2011) temporal spatial a realistic spatially
and temporally clustered channel model was presented to be
applied in the simulation of UCA-MIMO systems applying
IEEE 802.11n standard (IEEE, 2004) general analysis of Ri-
cian that was used before for systems employing ULA. The
proposed model accounts for six various real propagation sce-
narios that are applied in IEEE 802.11n channel model. These
models represent a variety of indoor environments. In (Man-
goud and Mahdi, 2011), the impact of channel model selection
and a comparative study on the channel capacity of MIMO
systems employing ULA versus UCA conﬁgurations were gi-
ven. One of the most popular receiver detectors, Bell Labs
Layered Space-Time (BLAST) architecture was introduced
by G. J. Foschini (Jankiraman, 2004; Foschini, 1996; Wolnian-
sky et al., 1998; Golden et al., 1999). V-BLAST detection tech-
nique offers a good tradeoff between performance and
complexity. It uses a combination of linear and nonlinear
detection techniques: ﬁrst nulling out the interference from
undetected signals, then canceling out the interference using al-
ready detected signals. The receiver is based on the multi-user
detection algorithms which detect the symbols through order-
ing, linear nulling, and symbol cancelation. Zero Forcing (ZF)
and Minimum Mean Squared Error (MMSE) criterion can be
used for nulling. The V-BLAST detection algorithm is based
on the successive interference cancelation (SIC) and/or parallel
interference cancelation (PIC) methods WANG, 2009. Accu-
rate and efﬁcient channel estimation plays a key role in the per-
formance of this VBLAST MIMO system. In (Biguesh and
Gershman, 2006), a number of training based methods have
been studied including the least squares (LS), the scaled least
squares (SLS), the linear minimum mean square error
(MMSE), and Relaxed minimum mean square error
(RMMSE). The optimal training sequence designs are intro-
duced for MIMO systems in Kotecha and Sayeed (2004). Most
of previously published studies for different VBLAST and
channel Estimation of MIMO schemes assumed an uncorre-
lated Rayleigh fading channel between each pair of transmit
and receive antennas. In (Liu et al., 2007a,b), the impact of
channel spatial correlation on the channel estimation error is
evaluated when UCA antenna is employed at the receiver side.
In this paper, the objective is to implement a simulation for
UCA-VBLAST-MIMO system with realistic channel condi-
tions included and to check the impact of applying the modi-
ﬁed IEEE802.11n channel model (Mangoud, 2010; Mangoud
and Mahdi, 2011) and to study the effect of the spatial corre-
lation and the proﬁle selection on the numerical results. More-
over, LS, SLS, LMMSE, and RMMSE training-based channel
estimation methods are implemented and studied by applying
a more realistic spatio-temporal channel model (Mangoud and
Mahdi, 2011) than the one used in Liu (2007). Also, the chan-
nel estimation accuracy of the MMSE estimator is investigated
at various angles of arrival, angle spread and inter-element
spacing for both the ULA and UCA geometries under theserealistic channel conditions. This paper is organized as follows;
In Section 2, VBLAST system, In Section 3: LS, SLS,
LMMSE, and RMMSE channel estimation methods are stud-
ied and compared under the condition of spatial correlation.
The performances of channel estimators are investigated when
applying optimum training sequences and orthogonal se-
quences. Also, channel estimation errors for UCA-MIMO sys-
tems at various AOA and AS values are presented. Section 4
presents the numerical results and the comparative study of
different channel model conditions. Finally, conclusions are
derived in Section 5.
2. Spatial multiplexed VBLAST MIMO systems
The block diagram of the spatial multiplexed MIMO system
that is considered in this paper with V-BLAST detector is illus-
trated in Fig. 1. There areMt transmit antennas andMr receive
antennas, where Mt 6Mr. The vector encoder is a demulti-
plexer followed by an independent bit-to-symbol mapper, the
data are demultiplexed into layers, or parallel sub-streams.
These sub-streams are mapped by using M-array phase shift
keying (M-PSK) or quadrature amplitude modulation QAM
scheme and modulated sub-streams are simultaneously trans-
mitted over theMt antennas. The receivers operate co-channel,
each receiver antenna receives a superposition of faded signals
radiated from all Mt transmit antennas.
The received vector r, at instant of time, can be represented
as
r¼
ﬃﬃﬃﬃﬃﬃ
Ea
Mt
r
Haþn¼
ﬃﬃﬃﬃﬃﬃ
Ea
Mt
r
ðH1a1þH2a2þ þHMtaMtÞþn ð1Þ
where Hi is the i
th column vector of the channel matrix H. Re-
call, Ea is the total transmitted power, a denotes the vector of
the transmitted symbols and n is the complex Gaussian noise
with zero mean and variance r2n. The detection techniques
for MIMO spatial multiplexing systems are the linear signal
detection, successive interference cancelation (SIC), parallel
interference cancelation (PIC) and maximum likelihood
(ML) Jankiraman, 2004. Linear signal detection method treats
all transmitted signals as interferences except for the desired
stream from the target transmit antenna. Therefore, interfer-
ence signals from other transmit antennas are minimized or
nulliﬁed. The effect of the channel is inverted by multiplying
the received vector by the generated weight matrix W and
the estimated vector at the detector output is
a^ ¼Wr ð2Þ
Linear nulling is used by weighting the received vector to sat-
isfy a performance criterion, such as ZF or MMSE. The null-
ing matrix W for the ZF and MMSE criteria with the form of
Moore–Penrose pseudo-inverse of the channel matrix H are as
follows
WZF ¼
ﬃﬃﬃﬃﬃﬃ
Mt
Ea
r
ðHHHÞ1HH ð3Þ
WMMSE ¼ HHHþ r
2
n
r2d
I
 1
HH ð4Þ
where (r2n=r
2
d) is the inverse of signal-to-noise ratio at each
receive antenna. The MMSE receiver suppresses both the
interference and noise components, whereas, the ZF receiver
Figure 1 Block diagram of V-BLAST architecture.
Figure 2 Ordered SIC signal detection diagram.
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the mean square error between the transmitted symbols and
the estimate of the receiver is minimized. Hence, MMSE is
superior to ZF in the presence of noise.
The performance can be improved without signiﬁcant
increasing in the complexity by the successive interference can-
celation (SIC) technique. The SIC algorithm is based on the
linear detection technique (ZF or MMSE) combined with sym-
bol cancelation. It ﬁrst detects the ﬁrst layer of the signal, that
is, all the other layers are treated as interferes and cancels its
effect from the overall received signal vector. It then proceeds
to the next layer and so on. During the symbol cancelation
step, all previous decisions are assumed to be correct. When
an incorrect decision is made, interference can be added in,
rather than being subtracted out. This results in error propaga-
tion into the subsequent layers. To get around this problem the
ordered SIC detection algorithm was introduced. In this case,
the signal with the strongest signal-to-noise ratio is selected for
processing. This improves the quality of the decision and re-
duces the chances of error propagation. The ordered SIC
scheme that is used in this paper is shown in Fig. 2.
3. Channel estimation under spatial correlation conditions
As shown in the previous section, the generation of weight ma-
trix W is based on perfect channel knowledge being available
at the receiver. In (Biguesh and Gershman, 2006; Kotechaand Sayeed, 2004; Liu et al., 2007a,b), a number of training
based methods have been studied including the least squares
(LS), the scaled least squares (SLS), the linear minimum mean
square error (LMMSE), and Relaxed minimum mean square
error (RMMSE). In the following sub-section these channel
estimation techniques are presented. For any training-based
channel estimation, the relationship between the received sig-
nal and the training sequence is given by
Y ¼ HQþ n ð5Þ
where Y 2 CMrL is the received signal matrix,Q 2 CMtL is the
training sequence matrix and n 2 CMrL is the complex Gauss-
ian noise matrix with zero mean and variance r2n. L is the
length of the training sequence. The goal of a channel estima-
tion algorithm is to recover the channel matrix H based on the
knowledge of Y and Q. The training based LS, SLS, LMMSE
and RMMSE channel estimation methods are demonstrated in
the following subsections.
3.1. A. LS channel estimator
Knowing Q and Y, the traditional least squares (LS) estimate
for the channel matrix is given inbHLS ¼ YQy ð6Þ
where Q= QH (QHQ)1 is the Moore–Penrose Pseudo-in-
verse of Q and [.]H denotes the Hermitian transpose. As can
86 M.A. Mangoudbe seen, the estimate does not require any knowledge about the
channel parameters. The minimum MSE of LS estimator is
rLS ¼ r
2
nM
2
tMr
qx
ð7Þ
where qx=r
2
n is the transmitted power to noise ratio (TPNR) in
training mode. The optimal performance of the LS is inﬂu-
enced by the square of number of antenna elements at the
transmitter and by the number of antenna elements at the re-
ceiver. However, the channel matrix has no effect on the MSE.
3.2. B. SLS channel estimator
The SLS channel estimated matrix is
bHSLS ¼ c0 bHLS ¼ trfRHg
r2nMrtrfðQQHÞ1g þ trfRHg
YQy ð8Þ
Here, r2n is the noise power; RH is the channel correlation ma-
trix deﬁned as RH = E{H
HH} and tr{.} implies the trace oper-
ation. In practice, RH can be obtained using the channel matrix
estimated by the LS method, in this case the resulting estima-
tor is referred to the LS-SLS. Accordingly, under the optimal
training the MSE is
rSLS ¼ ½trfRHg1 þ ðrLSÞ11 ð9Þ
trfRHg1 ¼
Pn
i ki, ki the i-th eigenvalue of the channel correla-
tion RH.
3.3. C. MMSE channel estimator
The estimated channel matrix of MMSE method isbHMMSE ¼ YðQHRHQþ r2nMrIÞ1QHRH ð10Þ
The MSE of the MMSE can be expressed as
rMMSE ¼ tr R1H þ
QQH
r2nMr
 1( )
¼ trfðK1 þ eQ eQHÞ1g ð11Þ
where RH = UKU
H, U is the unitary eigenvector matrix of RH
and K is the diagonal matrix with eigenvalues of RH.
eQ ¼ UHQﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
r2nMr
p ð12Þ
The optimal training matrix of the LMMSE can be derived by
using the Lagrange multiplier method that yield to optimum
training matrix as
Q ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
r2nMr
q
U
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðloI K1Þþ
q
ð13Þ
where (x)+ is the max(x,0) and the constant l0 ¼ 1= ﬃﬃﬃlp has to
be adjusted to satisfy the transmitted power constraint
3.4. D. RMMSE channel estimator
The MMSE channel estimator Eq. (8) assumes the perfect
knowledge of the matrix RH. However, in practice this
assumption is unrealistic. Thus, the LMMSE estimator is re-
laxed and simpliﬁed by replacing RH with the matrix dI, where
the parameter d has to be adjusted to minimize the MSE.
Hence, Eq. (8) can be written as
bHRMMSE ¼ Y QHQþ r2nMtMr
trfRHg I
 1
QH ð14ÞThe RMMSE estimation error for an orthogonal training is gi-
ven by Almers et al. (2007)
rRMMSE ¼ trfRHg1 þ qx
r2nM
2
tMr
  1
ð15Þ4. Numerical results
This section presents the numerical results obtained from the
simulation of VBLAST-MIMO for IEEE 802.11n WLAN
communication system operating in an indoor environment.
The transmitter and the receiver use spatial multiplexing tech-
nique with either ULA or UCA antennas. Various VBLAST
detection techniques with different channel estimation
methods are included. The spatio-temporal channel model
(Mangoud and Mahdi, 2011) that is considered in this simula-
tion is developed to include the fading correlation for both
ULA and UCA conﬁgurations as described in Mangoud and
Mahdi (2011). The six standard TGn channel model proﬁles
(A–F) are used to realize realistic scenarios throughout the
simulation. Each proﬁle case has a predeﬁned Angles of Arri-
val (hr) with angle spread (r) for each channel tap as deﬁned in
(IEEE, 2004). The following parameters are considered,
N=Mt, truncated Laplacian Power Azimuth Spectrum
(PAS) distribution, and 10000 channel realizations. Unless
speciﬁed, MIMO systems (4 · 4) are considered, both ends uti-
lize ULA or UCA conﬁguration with UCA radius of 0.75
wavelength spacing or ULA inter-elements spacing of 0.5k as
shown in Fig 3. 10000 channel realizations and NLOS scenario
with SNR= 10 dB are considered. The channel model used in
the simulation of MIMO-VBLAST system with channel esti-
mation is the same as the one developed in Mangoud and
Mahdi (2011) according to the standards of IEEE (2004). As
depicted in IEEE (2004) the TGn channel models comprise
six models (A–F), which represent a variety of indoor environ-
ments, ranging from small environments (A–C), such as
residential homes, with rms delay spreads from 0 to 30 ns,
up to larger areas (D–F), such as open spaces and ofﬁce
environments, with rms delay spreads from 50 to 150 ns. The
power delay proﬁle (PDP) and cluster parameters for the six
models are deﬁned in (IEEE, 2004). The spatial and temporal
clustered channel model developed in Mangoud and Mahdi
(2011) involves treating reﬂection paths as clusters of rays.
Each cluster has a PDP (power at different delays, i.e., taps
in discrete time), which is used in ﬁnding the MIMO channel
tap coefﬁcients. The models B, C, D, E, and F would have
2, 2, 3, 4, and 6 clusters, respectively. While, the model A
consists of only one tap. The PAS distribution of clusters
and corresponding taps are truncated Laplacian.
Fig. 4 shows the performance of the ULA and UCA recei-
ver as a function of AOA (hr) for various SNR, SNR= {0, 10,
20} dB, and angular spread, r= 20o with Model ‘A’ proﬁle.
Also, the performance of uncorrelated Hiid is presented for
comparison. It can be seen that at low SNR the channel spatial
fading correlation has a less effect on the reliability of the sys-
tem. In turn, at moderate and high SNR the spatial correlation
reduces the BER performance. As seen at hr = 90, the ULA
receiver obtains 7 dB and 15 dB, UCA receiver attains 2 dB
and 5 dB performance loss compared with uncorrelated
channel at SNR= 10 dB and SNR= 20 dB, respectively.
Moreover, the presented result reveals that the system
Figure 3 MIMO communication system employing (Mr ·Mt) ULA/UCA conﬁgurations.
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Figure 4 BER performance of ULA and UCA receiver VBLAST as a function of central AOA (hr) for various SNR, SNR= {0, 10, 20}
dB, and r= 20o. (MODEL A).
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the ULA unlike the UCA. As shown, the UCA signiﬁcantly
outperforms the ULA at endﬁre (hr = 90). However, at
central AOA values less than approximately 45 and >135
(i.e., approaching the broadside of the ULA), the linear array
performs similarly to or even better than the UCA.
Fig. 5 illustrates the capacity of the system versus the radius
of the UCA at the receiver front for the TGn channel models
for 4 · 4 MIMO at SNR= 10 dB. As can be seen that model
‘A’ experiences the lower correlation in view of fact that it has
only one tap, and the maximum capacity can be achieved by
model ‘F’, since it has more clusters and 18 taps with widerAS. Furthermore, it can be noticed that as the channel has
more clusters with wider AS, a larger capacity can be achieved.
The BER performance is examined for WLAN 802.11n sys-
tem utilizing VBLAST (MMSE- Ordered SIC) for 4 · 4
MIMO system employing UCA conﬁgurations at both ends
considering Binary Phase Shift Keying (BPSK). Two radii
Rr ¼ 0:5k and 0:75k are considered at STA receiver. Fig. 6
illustrates a comparison of BER performance curves under dif-
ferent TGn models. Corresponding BER of an uncorrelated
fading channel ‘iid’ is also included for comparison. As can
be seen that the link has its best performance for Model ‘F’
conditions, in this case it is the nearest performance curve to
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Figure 5 Capacity versus radius for the TGn channel models for 4 · 4 UCA-MIMO and SNR= 10 dB.
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Figure 6 BER performance of VBLASTMIMO system for three
models ‘A’, ‘C’ and ‘F’ compared to uncorrelated channel model
(Hiid) with BPSK and various 4 · 4 UCA radii.
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Figure 7 Channel estimation MSE versus SNR for LS, SLS,
MMSE and RMMSE estimators using orthogonal training
sequences.
88 M.A. Mangoudthe uncorrelated fading channel curve. Model ‘F’ performance
curve is followed by model ‘B’ then model ‘A’ with the lowest
performance. Also, as expected, that the link performance im-
proves as the radius of UCA at STA end increases from 0:5k to
0:75k.
Next, the channel estimation accuracy is studied for the
VBLAST-MIMO system. Least Square (LS), scaled least
square (SLS) and minimum mean square error (MMSE) meth-
ods and relaxed MMSE (RMMSE) channel estimators are
implemented at the receiver. For all the following case studies,
spatio-temporal fading was included by considering model ‘A’
proﬁle as in Mangoud and Mahdi (2011). Fig. 7 demonstrates
the normalized Mean Squared Error (MSE) of the LS, SLS,
MMSE, and RMMSE channel estimators with orthogonal
training versus signal to noise ratio (SNR), for 4 · 4 MIMO
system with ULA at transmitter and UCA at the receiver.
As seen, the LS estimator has the worst performance, while
the MMSE has the best performance among all techniques.
Meanwhile, it requires more a prior knowledge about the
channel than other methods. SLS and RMMSE estimatorsare identical and they necessitate less prior knowledge of the
channel than the MMSE estimator. Therefore, the selection
of the channel estimator requires a tradeoff between the given
performance and the available channel knowledge. For the rest
of the paper, MMSE is considered to study the effect of spatial
correlation on estimation error for both ULA and UCA
geometries.
Figs. 8 and 9 present the relationship between the normal-
ized MSE of MMSE channel estimator versus AS = r and
AOA= hr for a 4 · 4 MIMO system with ULA used both at
transmitter and at the receiver, ULA-MIMO case (Fig. 8)
and with UCA used at the receiver, UCA-MIMO case
(Fig. 9). Here the SNR is assumed to be 10 dB. The ﬁgures
show that as r increases (spatial correlation decreases), the
performance of channel estimation gets worse. In addition,
for higher r, the MSE value varies when hr changes. On the
contrary, for small AS the MSE becomes independent of the
value of hr for both geometries. In Fig. 8 for ULA-MIMO,
the best performance at endﬁre angle hr = 90
o and at low r.
On the other hand, in Fig. 9 for UCA-MIMO, the minimum
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Figure 8 Normalized MSE of MMSE channel estimator versus
AOA and AS at SNR= 10 dB, in case of ULA- MIMO receiver.
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AOA and AS at SNR= 10 dB, in case of UCA MIMO Receiver.
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that, two elements are directly behind and parallel to the other
two elements (highest correlation), this can be noticed particu-
larly at high r. From the presented results, it can be concluded
that the existence of spatial correlation improves channel esti-
mator performance for UCA-MIMO as well as it does for
ULA-MIMO receivers.
Fig. 10 illustrates the normalized MSE versus AoA of
LMMS channel estimator with angle spread r= 20 at various
SNR values of 0 dB, 10 dB, and 20 dB for both 4 · 4
ULA-MIMO and UCA-MIMO systems. Normalized MSE
Results for LMMS channel estimators when uncorrelated
channel are considered is also included in Fig. 10 for compar-
ison. It can be seen that at high SNR the MSE is less and the
geometry has a no pronounced effect on improving the
channel estimation error. The presented result reveals that
for low SNR the estimation error has more variations in
ULA-MIMO geometry due to the variable fading correlation
values at different AOAs. Also, it can be seen that the perfor-
mances of both geometries are identical near broadside angles
{hr = 0 and 180} where the correlation is minimum. ULA
outperforms the UCA at endﬁre angle {hr = 90} where the
correlation has its maximum value. So, the minimum channelestimation error can be achieved by employing ULA if the re-
ceiver is expecting to have the signals arriving at endﬁre angles.
Fig. 11 shows the Ergodic capacity of UCA-MIMO systems
with MMSE channel estimator versus SNR at different AS (r)
values. At high SNR values, as AS decreases and spatial corre-
lation increases, the capacity decreases however, it is noticed
that at low SNR 6 6 dB, as angle spread decreases (spatial cor-
relation has more effect) channel capacity increases for
MMSE-UCA-MIMO systems. This disobeys the conventional
knowledge that spatial correlation reduces the channel
capacity.
The effect of channel estimation error on the capacity per-
formance when compared to perfect channel estimation is
illustrated in Fig. 12. As seen, the Fig. 12 presents the channel
capacity of UCA-MIMO system with LMMSE channel esti-
mator versus SNR at hr = 90 and different AS (r= 1, 7
and 20) values. As can be seen that at high SNR, the capacity
of the estimated channel is very near to the capacity when the
channel is perfectly known to the receiver.
The previous BER results show that the UCA outperforms
the ULA at small and moderate angle spreads for similar aper-
ture size. However, at high angle spread the ULA outperforms
the UCA for certain angles-of-arrival (e.g., near broadside of
the ULA). Furthermore, the worst performance for ULA
can be occurred at the endﬁre angle. Given that, all elements
are in-line with the central angle of arrival that leads to a high
correlation between elements. As well, the worst performance
for UCA occurs at hr = 45 and 135. Because, in these cases
the correlation is high in view of the fact that elements three
and four are directly behind elements one and two. Hence,
the central angle of arrival has a signiﬁcant impact on the
BER performance of both the UCA and ULA VBLAST sys-
tems. In addition, with small values of angle spread, there is
little diversity advantage from either array; while for large an-
gle spreads both arrays provide enhancement to the perfor-
mance. Moreover, VBLAST system BER performance has
been investigated under realistic IEEE802.11n different chan-
nel scenarios. It has been shown that in the uniform circular
array MIMO system best performance is obtained with model
F environment proﬁle of IEEE802.11n channel model which is
a simulation of large space indoor environment conditions that
is characterized with its multiple multipath reﬂections. The im-
pact of channel spatial correlation on the accuracy of MIMO
channel estimation error has been investigated. The under-
taken analysis has revealed that the strongly correlated chan-
nel can improve the channel estimation at low SNR.
However, at high SNR the channel spatial correlation has less
effect pronounced on the accuracy of the channel estimation
(see Fig. 10). In addition the results demonstrate that the per-
formance of the channel estimator for using ULA system is
generally better than the UCA at the receiver side from the
channel estimation accuracy point of view.5. Conclusion
In this paper, the V-BLAST architecture and detection algo-
rithms have been presented and compared under different an-
tenna array geometries with realistic channel model. The
impact of channel spatial correlation on the V-BLAST system
based on the ordered SIC scheme with MMSE nulling criteria
has been investigated. The investigations have compared the
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Figure 10 Channel estimation MSE versus AOA for ULA-ULA MIMO and ULA-UCA MIMO systems employed at the receiver end
with various SNR values.
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Figure 11 Ergodic Capacity for UCA- MIMO systems with MMSE channel estimator versus SNR at different AS values (r).
90 M.A. Mangouddiversity performance of ULA and UCA. The results show
that with a proper selection of UCA radius and number of ele-
ments the performance of uncorrelated channel can be
achieved. The data-aided (training or pilot based) channel esti-
mation method has been studied. The LS, SLS, LMMSE, and
RMMSE channel estimators have been demonstrated. Orthog-
onal and optimal training symbol performances are presented
for MMSE. The results have been conﬁrmed that MMSE
method offers best performance over the other methods. This
is for the reason that of utilizing the channel correlation that
reduces the channel estimation error in the previous- methods,while the LS method does not consider the channel properties.
However, it requires more a prior knowledge about the channel
than the other methods. The SLS and RMMSE necessitate less
prior knowledge about the channel than the MMSE estimator.
In this paper, the impact of channel spatial correlation on the
accuracy of MIMO channel estimation error has been investi-
gated. The undertaken analysis has revealed that the strongly
correlated channel can improve the channel estimation at
low SNR for the considered UCA-MIMO systems. However,
at high SNR the channel spatial correlation has less effect
pronounced on the accuracy of the channel estimation. In
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Figure 12 Capacity of UCA-MIMO channel with perfect and
LMMSE estimator versus SNR at hr = 90
o and different AS
values.
Effects of applying realistic channel conditions on performance prediction of UCA-VBLAST-MIMO systems 91addition the results demonstrate that the performance of the
channel estimator in ULA-MIMO system has variation when
having spatial correlations by varying AOA or AS. However,
even with this variation the MSE of MMSE channel estimator
for ULA-MIMO systems has in general less value than that for
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